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Abstract

Dictionary learning algorithm is a common method for image denoising, but dictionary training is
a time-consuming process and can lose valid information in images. In this paper, a low-rank algo-
rithm based on pre-learned dictionaries is proposed, which represents the clean data and struc-
tured noise in the image with the corresponding dictionaries and coefficient matrices. Firstly, the
role of each part of the model is proved by ablation study, then the partially damaged images are
trained and compared with other algorithms. Finally, the mapping matrix trained by the algorithm
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is used for the test data. The results show that PLID can deal with the noise better than other algo-
rithms, and the test data can also remove the noise after the linear transformation of the mapping
matrix.
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Table 1. Description of the experimental dataset
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Type Dataset Class Number Size
ORL 40 400 28 x 23
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AR 100 2600 55 x 40
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Figure 1. Convergence curves of PLID on three datasets
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Table 2. Cluster index analysis of different components of PLID
= 2. PLID FNE4ERLAL 57 B R 245 4R 7 4R

ECLZN BAPE 7o IRy AR 42=0 PLID
AcCC 0.3846 0.8462 0.7308 0.8846
ORL NMI 05313 0.8272 0.8109 0.8583
PUR 0.5385 0.8462 0.8077 0.8846
ACC 0.3846 0.3462 0.7692 0.8077
Yale NMI 0.2680 0.1796 0.7062 0.7318
PUR 0.4615 0.3462 0.7692 0.8077

1) WIEMELL A 15 dB ) e s
2) W3 ANK/NA 5 x 5 AR

[ o ' ' \
% ; € " oy
(a) (b) (©) (d) (e) (f)

Figure 2. Example of AR image corruption
2. AR EgRIRIRR A

L2 AR JE R B . TR DR B A SRS HAR TR EAT BB, IR k-means J7
B SAF I TP BAR AT R, RIER WL 3 Pror.

Table 3. Clustering results of corrupted AR images

% 3. IRERHY AR BB LER

Ei=ga RPCA PSSV DRPCA  ARPCA  SLRPD
ACC 0.7294 0.5412 0.5529 0.5647 0.8118
NMI 0.6849 0.5703 0.3763 0.6101 0.7611
PUR 0.7882 0.5647 0.5882 0.6353 0.8471

M 3 FTLAE H, PLID AH LG PUR R 0k UG R SRR T b, AR T SEaF vk Re . AR,
3 B TARRISEERW S EIE, RE5 KB RPCA, PSSV, DRPCA 1 ARPCA 5y nl DLIR It Ab BE
— By e B A AL R, (H R ANAEIR I AL B A G IR BRI . M2 R, A ORI AT
ZER T RS TIL, ICREW L I T =N R A, UL PLID SEIE A AR HE R 2R M R I D

(a) (b) (c) (d) (e) ®
Figure 3. Example of recovery. (a) is the image damaged, (b)~(f) is the image
reconstructed by RPCA, PSSV, DWRPCA, ARPCA, and PLID, respectively
3. BARE AR EUSHVATALIL R, (a) BHIRFIRIFRIER, (b)~()
2 HI=# RPCA, PSSV, DWRPCA, ARPCA #0 PLID EEfIE %
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Figure 4. Example of recovery of the test sample. The first row is the test
sample with added noise, and the second row is the data AX reconstructed
with mapping matrix A
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